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( 57 ) ABSTRACT 
The present disclosure relates to systems , non - transitory 
computer - readable media , and methods that utilize recurrent 
neural networks to determine the existence of one or more 
open intents in a text input , and then extract the one or more 
open intents from the text input . In particular , in one or more 
embodiments , the disclosed systems utilize a trained intent 
existence neural network to determine the existence of an 
actionable intent within a text input . In response to verifying 
the existence of an actionable intent , the disclosed systems 
can apply a trained intent extraction neural network to 
extract the actionable intent from the text input . Further 
more , in one or more embodiments , the disclosed systems 
can generate a digital response based on the intent identified 
from the text input . 
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UTILIZING RECURRENT NEURAL 
NETWORKS TO RECOGNIZE AND 

EXTRACT OPEN INTENT FROM TEXT 
INPUTS 

BACKGROUND 

readable storage media that utilize recurrent neural networks 
to accurately determine the existence of one or more open 
intents in a text input , and then extract the one or more open 
intents from the text input . In particular , the open intent 
system can utilize multiple LSTM neural networks to auto 
matically discover user intents in natural language without 
prior knowledge about any categories of intent ( e.g. , due to 
incomplete , inaccurate , or non - existing training data ) . For 
example , in one or more embodiments , the disclosed sys 
tems can train both an intent existence neural network and 
an intent extraction neural network with training data that is 
untethered from any intent categories . Specifically , in one or 
more embodiments , the disclosed systems train recurrent 
neural networks utilizing an unsupervised domain adapta 
tion approach that allows the disclosed systems to flexibly 
transfer across adjacent conversational domains . Moreover , 
by applying the intent existence neural network to a text 
input , the disclosed systems can determine whether one or 
more intents exist in the text input . Based on this determi 
nation , the disclosed systems can apply the intent extraction 
neural network to the text input to extract the one or more 
intents from the text input . Thus , the disclosed systems can 
accurately , flexibly , and efficiently utilize computing 
resources to extract one ( or a plurality of ) actionable open 
intents , when intents exist in a text input . 
[ 0007 ] Additional features and advantages of one or more 
embodiments of the present disclosure will be set forth in the 
description that follows , and in part will be obvious from the 
description , or may be learned by practice of such example 
embodiments . 

BRIEF DESCRIPTION OF THE DRAWINGS 

[ 0001 ] Recent years have seen significant improvement in 
hardware and software platforms for natural language under 
standing of text inputs . Indeed , conventional systems can 
now classify intent data from text inputs to determine an 
actionable intent category corresponding to the text inputs . 
For example , conventional systems can identify a single 
intent from a digital text input by utilizing a computer model 
trained to classify an intent that falls within predefined 
categories . 
[ 0002 ] Although conventional systems can classify a 
single intent from a text input , this categorical approach 
gives rise to a number of technological problems in accu 
racy , flexibility , and efficiency . For example , conventional 
systems often receive text inputs that do not align to pre 
defined categories . In such circumstances , conventional sys 
tems cannot accurately identify the intent corresponding to 
the text input , inasmuch as any predefined category fails to 
accurately capture the intent . Additionally , text input from 
various digital sources often does not include any actionable 
intent . Nonetheless , in such circumstances , conventional 
systems often analyze and inaccurately identify an intent 
where none exists . 
[ 0003 ] Moreover , conventional systems are rigid and 
inflexible . Indeed , as just mentioned , conventional systems 
are rigidly tied to predefined intent categories . Accordingly , 
conventional systems fail to flexibly extract intents that do 
not conform with preexisting classifications . Additionally , 
conventional systems are rigidly limited to extracting only 
one intent from a text input . This rigidity leads to additional 
inaccuracy , in that conventional systems only identify a 
single intent from digital text input , even when additional 
intents may exist . Furthermore , conventional systems are 
also rigidly tied to available training resources . Thus , if a 
text input falls outside of conversational domains utilized to 
train a computer model , conventional systems will often 
generate inaccurate intent classification predictions . 
[ 0004 ] In addition to shortcomings with regard to accuracy 
and flexibility , conventional systems are also inefficient . As 
an initial matter , conventional systems expend significant 
resources in identifying labeled training data and then train 
ing pertinent computer models . Moreover , conventional 
systems often inefficiently utilize computing resources 
attempting to identify an intent in a text input that does 
include any intent . Furthermore , conventional systems that 
inaccurately classify intent from digital text inputs , further 
waste computational resources in performing additional 
additional language understanding tasks ( e.g. , generating 
inaccurate digital responses to digital text inputs ) based on 
an incorrectly extracted intent . 
[ 0005 ] Thus , there are several technical problems with 
regard to conventional digital text input identification sys 
tems . 

[ 0008 ] The detailed description is described with refer 
ence to the accompanying drawings in which : 
[ 0009 ] FIG . 1 illustrates an example environment in which 
an open intent system operates in accordance with one or 
more embodiments ; 
[ 0010 ] FIG . 2 illustrates a flowchart of determining the 
existence of and extracting one or more open intents in 
accordance with one or more embodiments ; 
[ 0011 ] FIG . 3 illustrates a diagram of determining the 
existence of and extracting one or more open intents in 
accordance with one or more embodiments ; 
[ 0012 ] FIG . 4 illustrates a schematic diagram of an intent 
existence LSTM neural network in accordance with one or 
more embodiments ; 
[ 0013 ] FIG . 5 illustrates a schematic diagram of an intent 
extraction LSTM neural network in accordance with one or 
more embodiments ; 
[ 0014 ] FIG . 6 illustrates a diagram of training an intent 
existence LSTM neural network in accordance with one or 
more embodiments ; 
[ 0015 ] FIG . 7 illustrates a diagram of training an intent 
extraction LSTM neural network in accordance with one or 
more embodiments ; 
[ 0016 ] FIG . 8 illustrates a flowchart of a series of acts for 
identifying and extracting an open intent in accordance with 
one or more embodiments ; 
[ 0017 ] FIG . 9 illustrates a schematic diagram of the open 
intent system in accordance with one or more embodiments ; 
[ 0018 ] FIG . 10 illustrates a flowchart of a series of acts for 
applying one or more LSTM neural networks to a text input 
in accordance with one or more embodiments ; 

SUMMARY 

[ 0006 ] One or more embodiments provide benefits and / or 
solve one or more of the foregoing or other problems in the 
art with systems , methods , and non - transitory computer 
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[ 0019 ] FIG . 11 illustrates another flowchart of a series of 
acts for training one or more LSTM neural networks to 
identify and extract open intents from text input in accor 
dance with one or more embodiments ; and 
[ 0020 ] FIG . 12 illustrates a block diagram of an example 
computing device in accordance with one or more embodi 
ments . 

DETAILED DESCRIPTION 

[ 0021 ] One or more embodiments of the present disclosure 
includes an open intent system that trains and utilizes 
recurrent neural networks to accurately determine the exis 
tence of one or more open intents in a text input and then 
efficiently and flexibly extract the one or more open intents 
from the text input . For example , the open intent system can 
train an intent existence neural network with unclassified 
training data to determine whether an open intent exists in 
text input . Similarly , the open intent system can train an 
intent extraction neural network with unclassified training 
data to extract an open intent from the text input . In training , 
the open intent system can utilize dependency parser train 
ing data generated via a dependency parsing model together 
with labeled intent data as part of an unsupervised domain 
adaptation strategy that allows for accurate transfer across 
conversational domains with less labeled training data . 
Upon training , based on a positive result from the intent 
existence neural network relative to a text input , the open 
intent system can apply the intent extraction neural network 
to the text input to extract any intent from the text input 
including open ( or previously unseen ) intents . Thus , the 
open intent system avoids pitfalls of conventional systems 
by accurately , flexibly , and efficiently determining whether 
any number of open intents exist in a text input and then , if 
at least one open intent exists , extracting the open intents 
from the text input . 
[ 0022 ] To illustrate , in one or more embodiments the open 
intent system identifies a text input ( e.g. , audio - to - text 
transcription , or other user input of digital text ) . The open 
intent system can determine that an intent exists in the text 
input by applying an intent existence long short - term 
memory neural network to the text input . Specifically , the 
open intent system can apply an intent existence long 
short - term memory neural network ( e.g. , an “ intent exis 
tence LSTM neural network ” ) trained to determine existence 
of training intents ( e.g. , trained from intent existence train 
ing text and corresponding intent existence training mark 
ers ) . In response to determining that the intent exists in the 
text input , the open intent system can determine the intent by 
extracting an intent ( e.g. , a verb object pair ) from the text 
input . Specifically , the open intent system can apply a 
trained intent extraction long short - term memory neural 
network ( e.g. , intent extraction LSTM neural network ) to 
identify the pertinent verb object pair reflecting user intent . 
[ 0023 ] As mentioned , the open intent system can deter 
mine the existence of ( and extract ) one or more open intents 
from text input by utilizing recurrent neural networks . In one 
or more embodiments , the open intent system trains an intent 
existence LSTM neural network to determine the existence 
of one or more intents in a text input . Specifically , the open 
intent system can train the intent existence LSTM neural 
network by applying the intent existence LSTM neural 
network to intent existence training data including intent 
existence training text and intent existence training markers . 
For example , in at least one embodiment , the intent exis 

tence training text includes positive text input including at 
least one intent , and negative text input including no intent . 
The intent existence training markers can include binary 
responses ( e.g. , “ yes ” or “ no ” ) indicating a ground truth as 
to whether at least one intent exists in the corresponding 
intent existence training text . 
[ 0024 ] In one or more embodiments , the open intent 
system also trains an intent extraction LSTM neural network 
to extract one or more open intents from a text input . 
Specifically , the open intent system can train the intent 
extraction LSTM neural network by applying the intent 
extraction LSTM neural network to intent extraction training 
data including intent extraction training text and intent 
extraction training markers that correspond to the intent 
extraction training text . In one or more embodiments , the 
intent extraction LSTM neural network includes and utilizes 
a conditional random field ( CRF ) layer and may be referred 
to as an intent extraction LSTM - CRF neural network . 
[ 0025 ] As mentioned above , in at least one embodiment , 
the open intent system utilizes an unsupervised domain 
adaptation approach . For example , the open intent system 
can train the intent extraction LSTM neural network utiliz 
ing intent extraction training text that includes training text 
inputs from across varied conversational domains . The 
intent extraction training markers can include verb object 
pairs found in each training text input . In at least one 
embodiment , the open intent system can further refine the 
training of the intent extraction LSTM neural network by 
applying the intent extraction LSTM neural network to 
user - labeled training data . In this manner , the open intent 
system can train an intent extraction LSTM neural network 
that is flexible and accurate across adjacent different con 
versational domains . 
[ 0026 ] After training both the intent existence and intent 
extraction LSTM neural networks , the open intent system 
can apply the intent existence and intent extraction LSTM 
neural networks to text input in order to extract open intents 
from the text input . For example , in response to receiving a 
text input ( e.g. , a digital inquiry from a client device across 
a computer network ) , the open intent system can first apply 
the intent existence LSTM neural network to the received 
text input to determine whether an intent exists in the text 
input . As such , in at least one embodiment , the intent 
existence LSTM neural network outputs a response ( e.g. , 
“ Yes ” or “ No ” ) indicating either that the text input includes 
at least one intent , or that the text input includes no intent . 
[ 0027 ] In response to a positive output from the intent 
existence LSTM neural network ( e.g. , indicating the text 
input includes one or more intents ) , the open intent system 
can then apply the intent extraction LSTM neural network to 
the text input . As mentioned above , the intent extraction 
LSTM neural network is trained to extract all of the one or 
more intents from the text input ( e.g. , with no regard to any 
predefined classifications or categories into which those 
intents may or may not fall ) . For example , the intent 
extraction LSTM neural network can extract all intents from 
the text input as verb object pairs . After extracting all of the 
intents from the text input as verb object pairs , the open 
intent system can generate or perform a variety of digital 
responses based on the extracted verb object pairs . 
[ 0028 ] The open intent system provides many advantages 
and benefits over conventional systems and methods . For 
example , by determining whether an open intent exists in a 
text input and extracting the open intent from the text input , 
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the open intent system improves accuracy relative to con 
ventional systems . Specifically , the open intent system oper 
ates free from any predefined categories or classifications of 
intent . Thus , the open intent system can accurately extract 
intents from text input even when those intents are previ 
ously unknown to the open intent system . Additionally , the 
open intent system does not inaccurately generate intent 
classifications in circumstances where text input does not 
include any intent . Rather , the open intent system utilizes a 
trained intent existence LSTM neural network to determine 
whether an open intent exists in a text input . 
[ 0029 ] Moreover , by utilizing an approach to intent exis 
tence determination and extraction that is independent of 
intent types or categories , the open intent system improves 
flexibility relative to conventional systems . For example , as 
just discussed , where conventional systems can only extract 
intents that fall within known categories of intents , the open 
intent system flexibly extracts any intent regardless of its 
potential categorization . For example , the open intent sys 
tem can generate a report of any variety of intents ( e.g. , 
known , previously unknown , trending ) , regardless of clas 
sification . Additionally , where conventional systems rigidly 
identify only a single intent per text input , the open intent 
system can extract all intents that present in a text input 
( regardless of number ) . In addition , by utilizing an unsu 
pervised domain adaptation strategy to training , the open 
intent system can flexibly train accurate LSTM neural 
networks for various domains . This also leads to increased 
efficiency and accuracy by significantly reducing labeled 
data utilized in training while allowing for accurate , flexible 
transfer across conversational domains . 
[ 0030 ] Furthermore , by approaching every text input with 
no preconceived limits as to the number and categorization 
of intents in a text input , the open intent system improves 
efficiency relative to conventional systems . Specifically , the 
open intent system does not waste system resources in 
attempting to extract an intent from a text input that fails to 
include an intent . Additionally , the open intent system does 
not squander further computational resources in performing 
additional digital tasks ( e.g. , generating digital responses ) 
based on inaccurately extracted intents . 
[ 0031 ] As illustrated by the foregoing discussion , the 
present disclosure utilizes a variety of terms to describe 
features and advantages of the open intent system . Addi 
tional detail is now provided regarding the meaning of such 
terms . For example , as used herein , the term “ text input ” 
refers to text provided by a computing device and / or user . In 
some embodiments , a text input may also be referred to as 
an " utterance . ” In particular , text input can include written 
text ( e.g. , digital text typed and provided via a client device ) 
or spoken text ( e.g. , digital text generated via a microphone 
of a client device ) . For example , text input can include a 
digital dialogue via text messaging , digital comments pro 
vided via a web page , text provided in a call , text from an 
email , text from a mobile application , or text from a social 
messaging post or electronic message . 
[ 0032 ] In addition , as used herein the term “ intent ” refers 
to a purpose , action , request , or instruction associated with 
a text input . In particular , the term " intent " can include a 
verb object pair extracted from a text input that indicates 
requested ( or desired ) action or conduct . For instance , in the 
text input , “ How do I save my text file , ” an intent can include 
the verb object pair , “ save file . ” In one or more embodi 
ments , a verb object pair is not limited to a single verb and 

a single object . For example , a verb object pair can include 
one or more verbs , one or more objects , and / or one or more 
modifiers ( e.g. , adjectives or adverbs ) ( e.g. , in photo editing , 
a verb object pair reflecting an intent can include " brighten 
blue jacket ” which comprises a verb , adjective , and noun ) . 
[ 0033 ] Additionally , as used herein , the term “ open intent ” 
refers to an intent identified without reference to a pre 
defined category or classification of intents . In particular , an 
open intent includes a verb object pair extracted from a text 
input without classifying the verb object pair to a specific 
category . For example , as discussed above , a conventional 
system may utilize a model trained to extract intents from 
text input by classifying intent relative to predetermined 
classes . Such an intent would not fall within the term “ open 
intent . ” 
[ 0034 ] As mentioned , the open intent system can utilize 
different neural networks to determine intent existence and 
perform intent extraction . As used herein , the term “ neural 
network ” refers to a machine learning model that can be 
tuned ( e.g. , trained ) based on inputs to approximate 
unknown functions . In particular , the term neural network 
can include a model of interconnected artificial neurons ( or 
layers ) that communicate and learn to approximate complex 
functions and generate outputs based on a plurality of inputs 
provided to the model . In particular , a neural network 
includes a computer - implemented algorithm that imple 
ments deep learning techniques to analyzes input ( e.g. , 
training input encoded as a neural network input vector ) to 
make predictions and that improves in accuracy by compar 
ing generated predictions against ground truth data and 
modifying internal parameters for subsequent predictions . In 
some embodiments , a neural network can employ super 
vised learning , while in other embodiments a neural network 
can employ unsupervised learning or reinforced learning . 
Examples of neural networks include deep convolutional 
neural networks , generative adversarial neural networks , 
and recurrent neural networks . 
[ 0035 ] As used herein , the term " recurrent neural net 
work ” refers to a type of neural network that performs 
analytical tasks on sequential elements and analyzes indi 
vidual elements based on computations ( e.g. , latent feature 
vectors ) from other elements . In particular , a recurrent 
neural network includes an artificial neural network that uses 
sequential information associated with words in a text input 
( e.g. , a sentence ) , and in which an output of a current word 
is dependent on computations ( e.g. , latent feature vectors ) 
for previous words . 
[ 0036 ] Furthermore , as used herein , the terms “ long short 
term memory neural network ” and “ LSTM neural network ” 
refer to a type of recurrent neural network capable of 
learning long - term dependencies in sequential information . 
Specifically , an LSTM neural network can include a plural 
ity of layers that interact with each other to retain additional 
information between LSTM units ( e.g. , “ long short - term 
memory units ” that are layers of the neural network for 
analyzing each sequential input , such as each word ) of the 
network in connection with a state for each LSTM unit . As 
used herein , the term “ state ” refers to a component of each 
LSTM unit that includes long - term information from pre 
vious LSTM units of the LSTM neural network . The LSTM 
neural network can update the state for each LSTM unit 
( e.g. , during an " update stage ” ) by using the plurality of 
layers to determine which information to retain and which 
information to forget from previous LSTM units . The state 
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of each LSTM unit thus influences the information that is 
retained from one LSTM unit to the next to form long - term 
dependencies across a plurality of LSTM units . Further 
more , as will be described in greater detail below , the open 
intent system can perform one or more “ training stages " 
during which the open intent system updates parameters of 
the LSTM neural network ( e.g. , the intent existence LSTM 
neural network and / or the intent extraction LSTM neural 
network ) based on training data . 
[ 0037 ] Relatedly , the term “ train ” refers to utilizing infor 
mation to tune or teach a neural network . The term “ train 
ing ” ( used as an adjective or descriptor , such as “ training 
data " ) refers to information or data utilized to tune or teach 
the neural network . In some embodiments , the open intent 
system trains one or more of the above - described neural 
networks to generate accurate predictions based on respec 
tive training data . 
[ 0038 ] For example , as used herein , training data can 
include training inputs and corresponding training markers . 
In at least one embodiment , a training marker includes a 
ground truth associated with a corresponding training input . 
To illustrate , the open intent system can train an intent 
existence LSTM neural network with intent existence train 
ing data including intent existence training text and corre 
sponding intent existence training markers ( e.g. , markers 
indicating the presence of intent within the training text ) . For 
instance , intent existence training text can include positive 
text inputs and negative text inputs . As used herein , a 
“ positive text input ” refers to a text input that includes at 
least one intent , while a “ negative text input ” refers to a text 
input with no intent . 
[ 0039 ) Similarly , the open intent system can train an intent 
extraction LSTM neural network with intent extraction 
training data including intent extraction training text and 
corresponding intent extraction training markers . In one or 
more embodiments , the open intent system utilizes intent 
extraction training data that includes dependency parser 
training data and user - labeled training data . As used herein , 
dependency parser training data refers to model - generated 
training inputs and corresponding training markers . In par 
ticular , each training marker can indicate a ground truth of 
verb and object tags included in the corresponding training 
input . For example , dependency parser training data ( some 
times referred to as part of speech training data , unsuper 
vised part of speech training data , or unsupervised POS 
training data ) may be generated utilizing an unsupervised 
approach by applying a dependency parsing model to unla 
beled or unmarked inputs ( e.g. , unlabeled sentences ) . For 
example , the open intent system may leverage unlabeled 
data by using a dependency parsing model such as the 
Stanford Dependency Parser from the Standford CoreNLP 
that generates grammatical parsing tags or labels of “ verb ” 
or object ” for each word in an unlabeled text input . As used 
herein , user - labeled training data refers to training inputs 
and corresponding training markers , where each training 
marker indicates a user - generated ground truth of one or 
more intents included in the corresponding training input . 
For example , such user - labeled training data may be gener 
ated via a crowd source application such as AMAZON 
MECHANICAL TURK . 
[ 0040 ] Additional detail regarding the open intent system 
will now be provided with reference to the figures . For 
example , FIG . 1 illustrates a schematic diagram of an 
example environment 100 for implementing the open intent 

system 102 in accordance with one or more embodiments . 
Thereafter , a more detailed description of the components 
and processes of the open intent system 102 is provided in 
relation to the subsequent figures . 
[ 0041 ] As shown in FIG . 1 , the environment 100 includes 
a server device 104 , a client computing device 112 , and a 
network 110. Each of the components of the environment 
100 can communicate via the network 110 , and the network 
110 may be any suitable network over which computing 
devices can communicate . Example networks are discussed 
in more detail below in relation to FIG . 12 . 
[ 0042 ] As mentioned , the environment 100 includes the 
client computing device 112. The client computing device 
112 can be one of a variety of computing devices , including 
a smartphone , tablet , smart television , desktop computer , 
laptop computer , virtual reality device , augmented reality 
device , or other computing device as described in relation to 
FIG . 12. Although FIG . 1 illustrates a single client comput 
ing device 112 , in some embodiments the environment can 
include multiple different client computing devices , each 
associated with a different user . The client computing device 
112 can further communicate with the server device 104 via 
the network 110. For example , the client computing device 
112 can receive user input ( e.g. , a text input ) and provide the 
information pertaining to user input to the server device 104 . 
Thus , the open intent system 102 on the server device 104 
can receive the user input to use in identifying and extracting 
one or more intents . 
[ 0043 ] In one or more embodiments , the client computing 
device 112 includes a client application for providing user 
input to the open intent system 102. In particular , the client 
application may be a web application , a native application 
installed on the client computing device 112 ( e.g. , a mobile 
application , a desktop application , etc. ) , or a cloud - based 
application where part of the functionality is performed by 
the server device 104. The client application can present or 
display information to a user , including the results of a 
digital response generated by the open intent system 102 , or 
another system functioning in tandem with the open intent 
system 102 . 
[ 0044 ] As illustrated in FIG . 1 , the environment 100 
includes the server device 104. The server device 104 may 
include one or more individual servers that may generate , 
store , receive , and transmit electronic data , such as param 
eters utilized for extracting intents ( e.g. , parameters associ 
ated with one or more neural networks ) . For example , the 
server device 104 may receive data from the client comput 
ing device 112 in the form of a text input . In addition , the 
server device 104 can transmit data to the client computing 
device 112 to provide results of a digital response based on 
an extracted intent . Furthermore , the server device 104 can 
include one or more neural networks such as an intent 
existence LSTM neural network and an intent extraction 
LSTM neural network . For example , the server device 104 
can communicate with the client computing device 112 to 
transmit and / or receive data via the network 110. In some 
embodiments , the server device 104 comprises a content 
server . The server device 104 can also comprise an appli 
cation server , a communication server , a web - hosting server , 
a social networking server , or a digital content analytics 
server . 

[ 0045 ] As shown in FIG . 1 , the server device 104 can also 
include the open intent system 102 as part of a digital 
content analytics system 106. The digital content analytics 
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system 106 can communicate with the client computing 
device 112 to generate , modify , and transmit digital content . 
For example , the digital content analytics system 106 can 
capture , manage , and edit digital images ( and receive text 
inputs comprising an intent to modify the digital images ) . 
Similarly , the digital content analytics system 106 can 
gather , manage , and analyze digital data collected from a 
variety of client devices ( and receive text inputs comprising 
an intent to generate user interfaces for client devices to 
efficiently and accurately interpret , analyze , and utilize the 
digital data ) . Additionally , in one or more embodiments , the 
open intent system 102 and / or the digital content analytics 
system 106 can access the database 108. For example , in 
response to extracting an intent from a text input , the open 
intent system 102 can determine a digital response that 
involves querying the database 108 . 
[ 0046 ] Although FIG . 1 depicts the open intent system 102 
located on the server device 104 , in some embodiments , the 
open intent system 102 may be implemented by ( e.g. , 
located entirely or in part ) on one or more other components 
of the environment 100. For example , the open intent system 
102 may be implemented by the client computing device 112 
and / or a third - party device . 
[ 0047 ] In some embodiments , though not illustrated in 
FIG . 1 , the environment 100 may have a different arrange 
ment of components and / or may have a different number or 
set of components altogether . For example , the client com 
puting device 112 may include one or more neural networks 
such as an intent existence LSTM neural network and an 
intent extraction LSTM neural network . As another 
example , the client computing device 112 may communicate 
directly with the open intent system 102 , bypassing the 
network 110. The open intent system 102 can be imple 
mented in a variety of different ways across the server device 
104 , the network 110 , and the client computing device 112 . 
Additional detail regarding implementing different compo 
nents of the open intent system 102 across devices is 
provided below . 
[ 0048 ] As discussed above , the open intent system 102 can 
determine the existence of one or more open intents in a text 
input , and then extract the one or more open intents based on 
the determination . For instance , FIG . 2 illustrates an over 
view of the process by which the open intent system 102 
recognizes and extracts open intents from a text input . 
Specifically , FIG . 2 illustrates the open intent system 102 
performing a step 202 of receiving a text input . For example , 
in one or more embodiments , the open intent system 102 can 
receive a text input directly from the client computing 
device 112 ( e.g. , via a web form , a native application , a 
social media communication thread ) . Additionally or alter 
natively , the open intent system 102 can receive user input 
( e.g. , an audio or voice input or gesture input ) from the client 
computing device 112. In that embodiment , the open intent 
system 102 can extrapolate a text input from the received 
user input by utilizing natural language processing , machine 
learning , database lookups , etc. 
[ 0049 ] As shown in FIG . 2 , after receiving the text input , 
the open intent system 102 performs a step 204 of deter 
mining whether at least one open intent exists in the text 
input . For example , as mentioned above , the open intent 
system 102 determines whether at least one open intent 
exists in the text input by applying a trained intent existence 
LSTM neural network to the text input . In at least one 
embodiment , the intent existence LSTM neural network 

outputs a binary prediction ( e.g. , “ yes ” or “ no ” ) of whether 
at least one intent exists within the text input . 
[ 0050 ] Based on a positive prediction from the intent 
existence LSTM neural network , the open intent system 102 
performs a step 206 of extracting the one or more open 
intents from the text input . For example , as mentioned 
above , the open intent system 102 extracts open intents from 
the text input by applying a trained intent extraction LSTM 
neural network to the text input . In at least one embodiment , 
the intent extraction LSTM neural network outputs one or 
more open intents from the text input as verb object pairs . 
[ 0051 ] As shown in FIG . 2 , after extracting the one or 
more open intents from the text input , the open intent system 
performs a step 208 of determining a digital response based 
on the one or more open intents . For example , the open 
intent system 102 can perform a variety of actions in 
response to extracting one or more open intents from a text 
input . For example , the open intent system 102 can : generate 
a digital text response ( e.g. , in a text chat ) , perform a 
requested function ( e.g. , perform a requested edit of a 
digital , generate a requested report or digital visualization ) , 
identify and report common issues reported to customer 
support or public forms ; recognize and report missing func 
tionality in applications with conversational or natural lan 
guage interfaces ; highlight calls to action in emails , docu 
ments , or recorded meetings and conversations ; generate a 
digital summary ; route inquiries to specialized services ; 
assign customer support requests to experts , and / or recom 
mend content to the user of the client computing device 112 . 
[ 0052 ] In one or more embodiments , the step 208 of 
determining a digital response can also include creating a 
report of intents . For example , after analyzing multiple text 
inputs , the open intent system 102 can generate a report of 
known , unknown , and / or trending intents extracted from the 
analyzed text inputs . This can assist a user or system in 
generating targeted deliverables such as advertisement cam 
paigns , FAQs , email distributions , and / or other text - based 
products and services . 
[ 0053 ] As mentioned above , the open intent system 102 
can determine the existence of and extract one or pre open 
intents from a text input . For instance , FIG . 3 illustrates 
additional detail with regard to identifying and extracting 
open intents in accordance with one or more embodiments . 
Specifically , FIG . 3 shows the open intent system 102 
receiving the text input 302 “ How do I save my text file ? ” . 
In one or more embodiments , the open intent system 102 
receives the text input 302 from the client computing device 
112 ( e.g. , as shown in FIG . 1 ) as an electronic communica 
tion via a communication application ( e.g. , a social media 
communication application ) . Thus , the open intent system 
102 can receive the text input 302 as part of a communica 
tion thread , an email , an SMS text message , or other similar 
electronic communication . Alternatively or additionally , the 
open intent system 102 can receive another type of user 
input ( e.g. , a voice input , a gesture input ) from the client 
computing device 112. In that embodiment , the open intent 
system 102 can generate the text input 302 based on an 
analysis of the user input . 
[ 0054 ] In response to receiving the text input 302 , the open 
intent system 102 performs the step 306 of generating one or 
more input vectors based on the text input 302. For example , 
in one or more embodiments , the open intent system 102 
generates an input vector by encoding information from the 
text input 302 into a fixed - length vector representation . In at 
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least one embodiment , the open intent system 102 generates 
the input vector by parsing the text input 302 into separate 
words and embedding the words into the fixed - length input 
vector . Alternatively , the open intent system 102 can parse 
the text input 302 into separate words and then generate an 
input vector for each word . 
[ 0055 ] Next , the open intent system 102 performs the step 
308 of applying the intent existence LSTM neural network 
to the text input 302. For example , the open intent system 
102 can apply the intent existence LSTM neural network to 
the text input 302 by feeding the one or more generated input 
vectors into the intent existence LSTM neural network . As 
mentioned above , once trained , the intent existence LSTM 
neural network outputs a binary prediction as to whether a 
text input includes at least one open intent . As such , the 
result of the step 308 is a prediction ( e.g. , either “ yes ” or 
“ no ” ) as to whether the text input 302 embedded into the one 
or more input vectors includes at least one open intent . 
[ 0056 ] In response to a positive prediction from the intent 
existence LSTM neural network in the step 308 , the open 
intent system 102 performs the step 310 of applying the 
intent extraction LSTM neural network to the text input 302 . 
For example , the open intent system 102 can apply the intent 
extraction LSTM neural network to the text input 302 by 
feeding the one or more input vectors generated in the step 
306 into the intent extraction LSTM neural network . As 
mentioned above , once trained , the intent extraction LSTM 
neural network ( utilizing a CRF layer ) predicts a tag ( e.g. , 
“ verb , ” “ object , ” or “ none ” ) for each word in the text input 
302 . 
[ 0057 ] With the predicted tags for each word in the text 
input 302 , the open intent system 102 can perform the step 
312 of extracting at least one verb object pair from the text 
input 302. For example , the open intent system 102 can 
analyze physical closeness and / or semantic closeness of 
verbs and objects tagged within the text input 302 to extract 
verb object pairs . In one or more embodiments , the open 
intent system 102 may utilize a word embedding procedure 
such as word2vec in order to determine verb object pairs 
within the text input 302 . 
[ 0058 ] As further illustrated in FIG . 3 , in response to 
extracting the at least one verb object pair from the text input 
302 , the open intent system 102 outputs the extracted verb 
object pair 314 ( e.g. , “ save file ” ) . In one or more embodi 
ments , the open intent system 102 can utilize the extracted 
verb object pair 314 to determine a further digital response . 
For example , as discussed above , the open intent system 102 
can generate a database query ( e.g. , search for instructions 
for saving a file ) respond to an electronic communication 
( e.g. , generate an electronic communication with instruc 
tions for saving a file ) , and so forth . 
[ 0059 ] As discussed above , the open intent system 102 
utilizes an intent existence LSTM neural network to deter 
mine whether at least one open intent exists in a text input . 
For instance , FIG . 4 illustrates an example architecture of an 
intent existence LSTM neural network 402 in accordance 
with one or more embodiments . Specifically , FIG . 4 shows 
multiple layers that make up the intent existence LSTM 
neural network 402. For example , the first layer shown in the 
intent existence LSTM neural network 402 is the input layer 
404 . 
[ 0060 ] As mentioned above , the input layer 404 of the 
intent existence LSTM neural network 402 receives a text 
input ( e.g. , the text input 302 shown in FIG . 3 ) and parses 

the text input into words 406a - 406g . In one or more embodi 
ments , the input layer 404 then embeds the words 406a - 406g 
into one or more input vectors of fixed length . For example , 
the input layer 404 can encode the words 406a - 406g utiliz 
ing one - hot encoding , or a neural embedding based on word 
semantics . The input layer 404 can then feed the one or more 
generated input vectors to one or more additional layers of 
the intent existence LSTM neural network 402 . 
[ 0061 ] For example , in one or more embodiments , the 
input layer 404 feeds the generated input vector for each 
word in the text input to the two - layered bi - directional 
LSTM layer 408 of the intent existence LSTM neural 
network 402. As shown in FIG . 4 , the two - layered bi 
directional LSTM layer 408 can include a first layer 410a 
and a second layer 410b . In at least one embodiment , both 
of the first layer 410a and the second layer 410b includes a 
series of LSTM units that are organized bi - directionally . In 
one or more embodiments , the bi - directional organization 
divides the LSTM units into two directions . For example , 
half of the LSTM units are organized ‘ forward , ' or in a 
sequence over increasing sequence instances , while the 
other half of the LSTM units are organized backward , ' or in 
a sequence over decreasing sequence instances . By organiz 
ing the LSTM units in opposite directions , the two - layered 
bi - directional LSTM layer 408 can simultaneously utilize 
content information from the past and future of the current 
sequence instance to inform the output layer 414 . 
[ 0062 ] Generally , each LSTM unit includes a cell , an input 
gate , an output gate , and a forget gate . As such , each LSTM 
unit can “ remember ” values over arbitrary time intervals 
while regulating the flow of information into and out of the 
unit . Thus , for example , a first LSTM unit in the first layer 
410a can analyze an input vector encoding the word 406a 
( e.g. , “ How ” ) . A second LSTM unit in the first layer 410a 
can analyze an input vector encoding the word 406b ( e.g. , 
“ do ” ) as well as a feature vector from the first LSTM unit 
( e.g. , a latent feature vector encoding significant features of 
the word “ How ” or other previous words in the sequence ) . 
[ 0063 ] The organization illustrated in FIG . 4 enables the 
two - layered bi - directional LSTM layer 408 to sequentially 
model the text input , where latent feature vectors of previous 
layers ( corresponding to previous text inputs and training 
text inputs ) are passed to subsequent layers , and where 
hidden states of text inputs are obtained to generate vectors 
for each word 406a - 406g embedded into the input vector . 
Each of the first layer 410a and the second layer 410b of the 
two - layered bi - directional LSTM layer 408 further deter 
mine relationships between words embedded into the input 
vector and other contextual information to generate output 
vectors . 

[ 0064 ] As further illustrated in FIG . 4 , the output vectors 
of the two - layered bi - directional LSTM layer 408 are col 
lected in a max pooling layer 412. In one or more embodi 
ments , the max pooling layer 412 utilizes a probability based 
soft - max algorithm to combine the output vectors of each 
layer of the two - layered bi - directional LSTM layer 408. For 
example , the max pooling layer 412 can utilize a probability 
based approach to identify words in the input text that have 
a high probability of being included in a verb object pair 
indicative of an intent . 
[ 0065 ] In response to receiving the results of the max 
pooling layer 412 , the output layer 414 generates a final 
prediction as to whether at least one intent exists in the text 
input . For example , the output layer 414 can generate a 
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binary prediction that is either positive ( e.g. , " yes " ) or 
negative ( e.g. , " no " ) based on the results provided by the 
max pooling layer 412. Additional detail regarding the 
training of the intent existence LSTM neural network 402 is 
provided below with regard to FIG . 6 . 
[ 0066 ] As discussed above , the open intent system 102 
utilizes an intent extraction LSTM neural network to extract 
one or more open intents from a text input . For instance , 
FIG . 5 illustrates an example architecture of an intent 
extraction LSTM neural network 502 in accordance with 
one or more embodiments . Specifically , FIG . 5 shows the 
multiple layers that make up the intent extraction LSTM 
neural network 502. For example , the architecture of the 
intent extraction LSTM neural network 502 begins with the 
input layer 504. As discussed above with reference to the 
input layer 404 of the intent existence LSTM neural network 
402 , the input layer 504 of the intent extraction LSTM 
neural network 502 generates one or more fixed - length input 
vectors based on the text input . For instance , the input layer 

the text input into the words 406a - 406g , and 
can then embed the words 406a - 406g into fixed - length input 
vectors . For example , the input layer 404 can embed the 
words 406a - 406g by encoding the words 406a - 406g into an 
input vector utilizing one - hot encoding . 
[ 0067 ] In one or more embodiments , the input layer 504 
can provide the generated input vectors to the bi - directional 
LSTM layer 506. As shown in FIG . 5 , the bi - directional 
LSTM layer 506 includes multiple LSTM units . As dis 
cussed above , each LSTM unit can include a cell , an input 
gate , an output gate , and a forget gate in order to “ remem 
ber ” values over arbitrary time intervals while regulating the 
flow of information into and out of the unit . The organization 
of the LSTM units allows the bi - directional LSTM layer 506 
to generate a vector representation for each word in the text 
input based on past and future contexts . 
[ 0068 ] Once the bi - directional LSTM layer 506 generates 
a vector representation for each word embedded into the 
input vector , the CRF ( e.g. , conditional random field ) layer 
508 can predict a tag with each word embedded in the input 
vector . For example , in at least one embodiment , the CRF 
layer 508 can assign one of three tags to each embedded 
word including one of “ none , ” “ verb , ” or “ object . ” In other 
embodiments , the CRF layer 508 can assign any part of 
speech tag to an embedded word . 
[ 0069 ] In one or more embodiments , the CRF layer 508 operates according to the following equation : 

each word in the text input . For example , the intent extrac 
tion LSTM neural network 502 ( with the CRF layer 508 ) 
tags each word as " verb , " " object , ” or “ none . ” After the 
intent extraction LSTM neural network 502 outputs these 

open intent system 102 can identify open intents as 
verb object pairs within the one or more input vectors based 
on the tags output by the intent extraction LSTM neural 
network 502. For example , in one or more embodiments , the 
open intent system 102 identifies a verb object pair based on 
the physical and / or semantic closeness of the component 
verb and object within the input vector . To illustrate , a verb 
and object may be physically close within an input vector if 
there are no or few words between the verb and object . A 
verb and object maybe semantically close within an input 
vector if the verb and object share a lexicological , syntac 
tical , or etymological relationships within the input vector , 
even if the verb and object are not physically close within 
the input vector . In one or more embodiments , the open 
intent system 102 can identify a verb and object that are 
semantically close by applying a word2vec algorithm . For 
example , the open intent system 102 can utilize word2vec to 
transform each work into a semantic vector space and then 
identify within the semantic vector space words that are 
closest . 
[ 0071 ] Although the example illustrated in FIG . 5 includes 
a single verb object pair ( e.g. , “ save file ” ) , the open intent 
system 102 identifies all verb object pairs within a text input 
regardless of their number . For example , the open intent 
system 102 can identify multiple verb object pairs within a 
text input . To illustrate , if the open intent system 102 
identifies two verbs and two objects within a text input , the 
open intent system 102 can analyze the text input to deter 
mine the physical and / or semantic proximity of the identi 
fied verbs and objects . The open intent system 102 can 
utilize a scoring or other analytical approach to determine 
which verb and object is physically and / or semantically 
closest in order to identify the appropriate verb object pairs . 
Thus , the open intent system 102 can output the extracted 
one or more intents ( i.e. , verb object pairs ) from the text 
input . 

P ( t1 , 12 , ... , in | X1 , X2 , Xn ; w ) 
exp ( w , 0 ( x , t ) ) 

Er exp ( w , O ( x , T ) ) 

Where : t1 , t2 , . ty is a sequence of tags ; X1 , X2 , 
is a sequence of words from a text input , w is a weight matrix 
from the intent extraction LSTM neural network 502 , and 
W , ( x , T ) = score / stm - cy ( x , t ) ( e.g. , representing how well the 
part of speech tag sequence fits the given sequence of 
words ) . In at least one embodiment , score [ stm - cry ( x , t ) is 
calculated as : X : - " W , * LSTM ( x ) , + but where W 
weight matrix ( e.g. , an outside knowledge matrix to better 
identify verb object pairs ) and be is bias . Additional detail 
regarding the training of the intent extraction LSTM neural 
network 502 is provided below with regard to FIG . 7 . 
[ 0070 ] As shown in FIG . 5 , the output of the intent 
extraction LSTM neural network 502 is an intent tag for 

[ 0072 ] In another illustrative example , given the text input 
“ I work in a retail setting and am trying to create a fillable 
PDF for my team to use and need help ! ” , the intent extrac 
tion LSTM neural network 502 will output a tag for each 
word in the text input . For example , the intent extraction 
LSTM neural network 502 will output “ I < none > 
work < none > in < none > a < none > retail < none > 
setting < none > and < none > am < none > trying < none > 
to < none > create < verb > a ' fillable pdf ? < object > for < none > 
my < none > team < none > to < none > use < none > and < none > 
need < none > help < object > ! ” 
[ 0073 ] With this output from the intent extraction LSTM 
neural network 502 , the open intent system 102 can identify 
verb - object pairs that are representative for the intent in the 
text input . For example , the open intent system 102 can 
utilize word2vec ( or any other word embedding ) to map the 
words in the text input to numerical vectors . From this , the 
open intent system 102 can determine the semantic distances 
between the verb object pairs " create fillable PDF , ” and 
" create help . ” Based on the vector distances between “ create 
fillable PDF ” being closer than the vector distances between 
“ create help , ” the open intent system 102 can determine that 
" create fillable PDF ” is the correct intent to extract from the 
text input . In other embodiments , the open intent system 102 

is a t ; -1st ; ti - 1,7 
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can also utilize a language model that outputs probabilities 
for all verb object pairs extracted from the text input , and can 
then select the verb object pair with the highest probability . 
[ 0074 ] Although the open intent system 102 is described 
throughout the illustrative figures as utilizing the intent 
existence LSTM neural network 402 and the intent extrac 
tion LSTM neural network 502 to identify and extract 
intents from text inputs , in additional embodiments , the open 
intent system 102 can utilize other types of neural networks 
for the same purpose . For example , in one embodiment , the 
open intent system 102 utilizes an encoder / decoder 
approach . To illustrate , the open intent system 102 can 
provide a text input to an encoder network that maps this raw 
input to a feature representation . The decoder network then 
utilizes this feature representation as input to generate a 
predictive output that identifies the an intent from within the 
text input . For instance , the encoder / decoder may extract an 
intent from the text input that includes one or more words 
that may not be part of the text input , but rather encapsulate 
the identified intent . 
[ 0075 ] As discussed above , the open intent system 102 can 
train an intent existence LSTM neural network to determine 
whether at least one open intent exists in a text input . For 
instance , FIG . 6 illustrates training an intent existence 
LSTM neural network in accordance with one or more 
embodiments . Specifically , as shown in FIG . 6 , the open 
intent system 102 identifies the intent existence training data 
602. For example , the open intent system 102 trains the 
intent existence LSTM neural network 402 based on intent 
existence training text 604 and intent existence training 
markers 606. In one or more embodiments , the open intent 
system 102 trains the intent existence LSTM neural network 
402 by providing a text input from the intent existence 
training text 604 to the intent existence LSTM neural 
network 402 as an input vector , comparing the output of the 
intent existence LSTM neural network 402 to the intent 
existence training marker that corresponds to the text input , 
and then modifying the parameters of the intent existence 
LSTM neural network 402 based on the comparison . This 
process will now be described in greater detail . 
[ 0076 ] As shown in FIG . 6 , the intent existence training 
data 602 includes intent existence training text 604 and the 
intent existence training markers 60. In one or more 
embodiments , the intent existence training text 604 includes 
positive text inputs 608 and negative text inputs 610. For 
example , in at least one embodiment , the positive text inputs 
608 includes text inputs that include at least one intent ( e.g. , 
at least one verb object pair indicating a desired action ) . 
Similarly , in at least one embodiment , the negative text 
inputs 610 include text input that include no intent ( e.g. , no 
actionable intent ) . 
[ 0077 ] The positive text inputs 608 and the negative text 
inputs 610 can come from a wide range of general conver 
sational domains . For example , in one embodiment , a posi 
tive text input may include a question with one or more 
actionable intents ( e.g. , " How do I save my text file ? ” ) . A 
negative text input may include an answer or explanation 
that includes verbs and objects , but not any actionable intent 
( e.g. , “ You can save by clicking the save button . ” ) . In at least 
one embodiment , part of the training cycle for the intent 
existence LSTM neural network 402 includes identifying 
question / answer pairs among the intent existence training 
text 604 , where the open intent system 102 utilizes the 
identified question as a positive text input , and the identified 

answer as a negative text input . As such , the positive text 
inputs 608 and the negative text inputs 610 can be topically 
close even though only the positive text inputs 608 include 
an intent . Thus , utilizing the positive text inputs 608 and the 
negative text inputs 610 to train the intent existence LSTM 
neural network 402 leads to improvements in computational 
accuracy because the training teaches the intent existence 
LSTM neural network 402 to discriminate desired actions 
from explanations that do not include an actionable intent . 
[ 0078 ] Each of the intent existence training markers 606 
corresponds to one of the positive text inputs 608 or negative 
text inputs 610. For example , every positive text input 
corresponds to an intent existence training marker that 
includes a ground truth ( e.g. , “ yes ” ) associated with that 
positive text input indicating that the positive text input 
includes at least one intent . Similarly , every positive text 
input corresponds to an intent existence training marker that 
includes a ground truth ( e.g. , “ no ” ) associated with that 
negative text input indicating that the negative text input 
includes no intent . 
[ 0079 ] To begin training the intent existence LSTM neural 
network 402 , the open intent system 102 provides a text 
input from the intent existence training text 604 to the input 
layer 404. In one or more embodiments , the intent existence 
LSTM neural network 402 analyzes each word in the input 
text , passes latent feature vectors between each sequential 
layer in the intent existence LSTM neural network 402 ( e.g. , 
the first LSTM layer 410a and the second LSTM layer 4105 ) 
to retain and encode contextual meaning , pool prediction 
results ( e.g. , in the max pooling layer 412 ) , and generate a 
prediction of whether the text input comprises at least one 
training intent . As mentioned above , in one or more embodi 
ments , the generated prediction is binary ( e.g. , “ yes ” or 
" no " ) . 
[ 0080 ] After the intent existence LSTM neural network 
402 generates the prediction , the open intent system 102 
continues training the intent existence LSTM neural network 
402 by performing the step 612 of comparing the generated 
prediction to a corresponding intent existence training 
marker . For example , as discussed above , for each intent 
existence training text 604 , the intent existence training data 
602 includes a corresponding intent existence training 
marker 606. Each intent existence training marker 606 
includes a ground truth indicating whether the correspond 
ing intent existence training text includes an intent . As such , 
the step 612 can involve the open intent system 102 deter 
mining whether the prediction generated by the intent exis 
tence LSTM neural network 402 matches the intent exis 
tence training marker that corresponds to the text input . 
[ 0081 ] To continue training the intent existence LSTM 
neural network 402 , the open intent system 102 performs the 
step 614 of modifying parameters of the intent existence 
LSTM neural network 402 based on the comparison per 
formed in the step 612. For example , based on this com 
parison , the open intent system 102 can modify parameters 
of one or both of the first LSTM layer 410a and the second 
LSTM layer 4105 to reduce the measure of loss . In one or 
more embodiments , the open intent system 102 continues 
training the intent existence LSTM neural network 402 until 
either the intent existence training text 604 is exhausted or 
the measure of loss is minimized and stable over a threshold 
number of training cycles . The open intent system 102 may 
periodically retrain the intent existence LSTM neural net 
work 402 in the same manner illustrated in FIG . 6. Once 
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training of the intent existence LSTM neural network 402 is 
complete , the open intent system 102 can apply the intent 
existence LSTM neural network 402 to unknown text inputs 
( e.g. , text inputs with no corresponding training markers ) . 
[ 0082 ] As discussed above , by utilizing the trained intent 
existence LSTM neural network 402 , the open intent system 
102 operates more efficiently and accurately . For example , 
when tested against an alternative approach for determining 
intent , the trained intent existence LSTM neural network 
402 operated with more accuracy . The results of this testing 
are illustrated in Table 1 below : 

TABLE 1 

Model F1 - Score 

Random Forest + N - grams + POS tags + keywords 
Trained Intent Existence LSTM Neural Network 

0.61 
0.86 

With regard to Table 1 , Random Forest refers to a random 
forest classifier with feature inputs as a combination of word 
n - grams , part - of - speech tages , and specific keywords 
extracted from the text input . 
[ 0083 ] As discussed above , the open intent system 102 can 
train an intent extraction LSTM neural network to extract 
one or more open intents from a text input . For instance , 
FIG . 7 illustrates the open intent system 102 training an 
intent extraction LSTM neural network in accordance with 
one or more embodiments . Specifically , as shown in FIG . 7 , 
the open intent system 102 identifies intent extraction train 
ing data 702. For example , the open intent system 102 trains 
the intent extraction LSTM neural network 502 based on 
intent extraction training text 704 and intent extraction 
training markers 706. In one or more embodiments , the open 
intent system 102 trains the intent extraction LSTM neural 
network 502 by providing a text input from the intent 
extraction training text 704 to the intent extraction LSTM 
neural network 502 as one or more input vectors , comparing 
the output of the intent extraction LSTM neural network 502 
to the intent extraction training marker that corresponds to 
the text input , and then modifying the parameters of the 
intent extraction LSTM neural network 502 based on the 
comparison . This process will now be described in greater 
detail . 

[ 0084 ] As shown in FIG . 7 , the intent extraction training 
data 702 includes intent extraction training text 704 and the 
intent extraction training markers 706. In one or more 
embodiments , the intent extraction training text 704 includes 
unsupervised POS training data 708 ( i.e. , dependency parser 
training data ) and user - labeled training data 710. For 
example , the open intent system 102 utilizes an unsuper 
vised domain adaptation strategy that does not require 
labeled data in the target domain . As such , the unsupervised 
POS training data 708 includes text inputs including sen 
tences taken from a wide range of conversational domains . 
In at least one embodiment , the intent extraction training 
marker that corresponds with a text input in the unsuper 
vised POS training data 708 includes a part of speech tag for 
each word in the text input and identifies any intent ( e.g. , 
verb object pair ) among the words in the text input . In one 
or more embodiments , the open intent system 102 can utilize 
unsupervised POS training data 708 and associated intent 
extraction training markers 706 generated by an open source 
or commercially available POS model . 

[ 0085 ] To illustrate , in one or more embodiments , the open 
intent system 102 generates the unsupervised POS training 
data 708 by providing training text to a previously trained 
dependency parsing model that predicts part of speech ( e.g. , 
verb and object tags ) in each training text input . In at least 
one embodiment , the open intent system 102 utilizes the the 
part of speech predictions output by the previously trained 
model as intent extraction training markers ( e.g. , ground 
truths ) that correspond to the training text inputs . Thus , the 
training text inputs and corresponding part of speech pre 
dictions become the unsupervised POS training data 708 . 
One such previously trained model that may be utilized by 
the open intent system 102 is the Stanford Dependency 
Parser from the Stanford CoreNLP as described in Manning , 
C. , Surdeanu , M. , Bauer , J. , Finkel , J. , Bethard , S. , & 
McClosky , D. ( 2014 ) , The Stanford CoreNLP natural lan 
guage processing toolkit , Proceedings of 52nd annual meet 
ing of the association for computational linguistics : system 
demonstrations ( pp . 55-60 ) . 
[ 0086 ] The intent extraction training text also includes 
user - labeled training data 710. For example , the open intent 
system 102 can utilize user - labeled text inputs to fine - tune 
the training of the intent extraction LSTM neural network 
502. For instance , the user - labeled training data 710 can 
include text inputs and the intent extraction training marker 
associated with each text input includes user - labeled tags 
identifying verb object pairs in the text input . In one or more 
embodiments , the open intent system 102 can utilize user 
labeled training data 710 generated across unrelated 
domains via a crowd sourcing application such as AMA 
ZON MECHANICAL TURK . 
[ 0087 ] To begin training the intent extraction LSTM neu 
ral network 502 , the open intent system 102 provides a text 
input from the unsupervised POS training data 708 to the 
input layer 504. In one or more embodiments , the intent 
extraction LSTM neural network 502 analyzes each word in 
the input text , passes latent feature vectors between units and 
layers in the intent extraction LSTM neural network 502 to 
retain and encode contextual meaning , and generate a pre 
diction of a part of speech associated with each word in the 
text input . The CRF layer 508 of the intent extraction LSTM 
neural network 502 then utilizes the vector representation 
generated by the LSTM layer 506 to tag each word in the 
text input . In at least one embodiment , the CRF layer 508 
can assign one of three tags to each word in the text input 
including “ none , " " verb , " and " object " ( e.g. , as shown by 
the labels 510a , 5106 , 510c , 510d , 510e , 510f , and 510g in 
FIG . 5 ) . Following this , the open intent system 102 extracts 
verb object pairs based on a number of words between an 
identified verb and object ( e.g. , the physical “ closeness ” of 
the verb and object ) , and / or based on a semantic “ closeness ” 
of an identified verb and object . 
[ 0088 ] After the intent extraction LSTM neural network 
502 extracts one or more intents ( e.g. , verb object pairs ) 
from the input text , the open intent system 102 continues 
training the intent extraction LSTM neural network 502 by 
performing the step 712 of comparing each extracted verb 
object pair to the corresponding intent extraction training 
marker . As discussed above , the intent extraction training 
marker that corresponds to a text input includes a part of 
speech tag for each word in the text input and one or more 
verb object pairs found in the text input . As such , the open 
intent system 102 performs the step 712 by determining 
whether the one or more verb object pairs extracted by the 
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GloVe embeddings ) . The results of this snapshot experimen 
tation are shown in Table 2 below ( these results are 
improved with additional or modified training parameters ) : 

TABLE 2 

Trained Intent Extraction 
LSTM Neural Network Metric SC Parser 

Verb P / R / F1 
Obj P / R / F1 
VO P / R / F1 
VO MRR 
Semantic Similarity 

0.43 / 0.39 / 0.41 
0.46 / 0.41 / 0.43 
0.34 / 0.32 / 0.33 

0.4 
0.47 

0.75 / 0.75 / 0.75 
0.76 / 0.745 / 0.75 
0.66 / 0.65 / 0.64 

0.74 
0.76 

intent extraction LSTM neural network 502 match the one or 
more verb object pairs in the corresponding intent extraction 
training marker . 
[ 0089 ] Based on the comparison in the step 712 , the open 
intent system 102 further trains the intent extraction LSTM 
neural network 502 by performing the step 714 of modifying 
parameters of the intent extraction LSTM neural network 
502. For example , based on the comparison in the step 712 , 
the open intent system 102 can modify parameters of the 
LSTM layer 506 and the CRF layer 508 to reduce the 
measure of loss . 
[ 0090 ] After utilizing the unsupervised POS training data 
708 to train the intent extraction LSTM neural network 502 , 
the open intent system 102 can further refine the training of 
the intent extraction LSTM neural network 502 by applying 
the intent extraction LSTM neural network 502 to the 
generic user - labeled training data 710. In one or more 
embodiments , the open intent system 102 continues training 
the intent extraction LSTM neural network 502 utilizing a 
stochastic gradient descent approach that repeatedly uses 
samples of the same training data until conversion happens 
( e.g. , loss does not further decrease ) . For example , the open 
intent system 102 can stop training before overfitting occurs 
by observing the loss on a validation set and stopping 
training at the minimized validation loss . 
[ 0091 ] In one or more embodiments , the open intent 
system 102 utilizes various metrics to evaluate the training 
of the intent extraction LSTM neural network 502. For 
example , for a text input including multiple intents , the open 
intent system 102 can utilize a precision metric that deter 
mines whether the number of correctly predicted verb , 
object , or verb object pair is in the top three numbers of 
predicted intents . The open intent system 102 can also utilize 
a recall metric that determines whether the number of 
correctly predicted verb , object , or verb object pair is in the 
top three number of correct intents in the intent extraction 
training markers 706 ( e.g. , the ground truth ) . The open intent 
system 102 can also determine the mean reciprocal rank by 
averaging the multiplicative inverses of the rank of the first 
correctly predicted verb , object , or verb object pair . Addi 
tionally , the open intent system 102 can determine a seman 
tic similarity by finding a pairwise cosine similarity between 
predicted and actual intents based on pre - trained embed 
dings of the intent words from a different system . 
[ 0092 ] The open intent system 102 may periodically 
retrain the intent extraction LSTM neural network 502 in the 
same manner illustrated in FIG . 7. Once training of the intent 
extraction LSTM neural network 502 is complete , the open 
intent system 102 can apply the intent extraction LSTM 
neural network 502 unknown text inputs ( e.g. , text inputs 
with no corresponding training markers ) . 
[ 0093 ] As discussed above , by utilizing the trained intent 
extraction LSTM neural network 502 , the open intent sys 
tem 102 operates more efficiently and accurately . For 
example , experimenters compared a trained intent extraction 
LSTM neural network against a Stanford Dependency 
Parser with regard to precision ( number of correctly pre 
dicted items in top 3 / number of predicted items ) , recall 
( number of correctly predicted items in top 3 / number of 
target items in ground truth ) , mean reciprocal rank ( averag 
ing the multiplicative inverses of the rank of the first 
correctly predicted item , such as verbs , objects , verb - object 
pairs ) , and semantic similarity ( pairwise cosine similarity 
between predicted and actual intents based on pre - trained 

In Table 2 , VO refers to verb - object ; SC refers to Stanford 
CoreNLP parser ; P , R , F1 are precision , recall , and F1 
respectively ; and MRR stands for mean reciprocal rank . 
[ 0094 ] FIG . 8 illustrates an example process by which the 
open intent system 102 identifies open intents in accordance 
with one or more embodiments . For example , as shown in 
FIG . 8 , the open intent system 102 performs the step 802 of 
receiving the text input . In one or more embodiments , the 
process 800 illustrated in FIG . 8 may be during a non 
training phase of the open intent system 102. As such , the 
open intent system 102 may have previously trained the 
intent existence LSTM neural network 402 and the intent 
extraction LSTM neural network 502. Further , as mentioned 
above , the step 802 may involve receiving the text input as 
an electronic communication from a client computing 
device . Additionally or alternatively , the step 802 may 
involve receiving the text input as a text transcription of an 
audio input provided by a client computing device . 
[ 0095 ] After receiving the text input , the open intent 
system 102 performs the step 804 of determining whether an 
intent exists in the text input . As discussed above , in one or 
more embodiments , the open intent system 102 performs the 
step 804 by applying the trained intent existence LSTM 
neural network 402 to the text input . For example , the open 
intent system 102 can apply the intent existence LSTM 
neural network 402 to the text input by providing the text 
input to the input layer 404 of the intent existence LSTM 
neural network 402. From there , as discussed above , the 
intent existence LSTM neural network 402 performs a 
probability - based analysis of the text input to generate a 
binary intent existence prediction indicating whether or not 
the text input includes at least one intent . 
[ 0096 ] In response to the intent existence LSTM neural 
network 402 generating the intent existence prediction , the 
process 800 can either continue or end . For example , in 
response to a negative intent existence prediction ( e.g. , a 
“ no ” prediction ) , the open intent system 102 can end . For 
instance , the open intent system 102 can end by : discarding 
the text input , returning an error message , returning a 
standard response , or providing the text input to a different 
system or process ( e.g. , another text response system ) . After 
ending the process 800 , the open intent system 102 can go 
into a ready mode while waiting for an additional text input . 
[ 0097 ] Alternatively , in response to a positive intent exis 
tence prediction ( e.g. , a " yes " prediction ) , the open intent 
system 102 can continue with the process 800. For example , 
as shown in FIG . 8 , in response to a positive intent existence 
prediction , the open intent system 102 can perform the step 
806 of extracting at least one open intent from the text input . 
As discussed above , in one or more embodiments , the open 
intent system 102 extracts one or more open intents from a 
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text input by applying the trained intent extraction LSTM 
neural network 502 to the text input . For example , the open 
intent system 102 can apply the intent extraction LSTM 
neural network 502 to the text input by providing the text 
input to the input layer 504 of the intent extraction LSTM 
neural network 502. From there , as discussed above , the 
intent extraction LSTM neural network 502 performs a 
probability - based analysis of the words in the text input in 
order to extract one or more intents as verb object pairs . 
[ 0098 ] After the intent extraction LSTM neural network 
502 extracts the one or more intents from the text input , the 
open intent system 102 can perform the step 808 of deter 
mining a digital response based on each extracted intent . For 
example , the open intent system 102 can determine a digital 
response based on one extracted intent at a time . In one or 
more embodiments , the open intent system 102 can deter 
mine a digital response such as generating a query - based 
response , identifying a trend , or performing another digital 
action . The open intent system 102 can either perform the 
determined digital response , or can generate a signal or 
message to another system regarding the determined digital 
response . 

[ 0099 ] After determining the digital response based on the 
extracted intent , the open intent system 102 can perform the 
step 810 of determining whether additional intents were 
extracted from the text input . For example , as mentioned 
above , the intent extraction LSTM neural network 502 can 
extract as many intents as exist in a text input . Accordingly , 
the open intent system 102 can determine a digital response 
for each extracted intent . If additional extracted intents exist 
that have not been addressed ( e.g. , “ yes ” ) , the open intent 
system 102 can perform the step 808 based on the next 
unaddressed extracted intent . If all of the extracted intents 
have been addressed ( e.g. , “ no ” ) , the open intent system 102 
can end the process 800 . 
[ 0100 ] As described in relation in FIGS . 1-8 , the open 
intent system 102 performs operations for training and 
utilizing LSTM neural networks to extract open intents from 
text inputs . FIG.9 illustrates a detailed schematic diagram of 
an embodiment of the open intent system 102 described 
above . Although illustrated on the server device 104 , as 
mentioned above , the open intent system 102 can be imple 
mented by one or more different or additional computing 
devices ( e.g. , the client computing device 112 ) . In one or 
more embodiments , the open intent system 102 includes a 
communication manager 902 , an intent existence manager 
904 , an intent extraction manager 906 , and a digital response 
manager 908 . 
[ 0101 ] Each of the components 902-908 of the 
system 102 can include software , hardware , or both . For 
example , the components 902-908 can include one or more 
instructions stored on a computer - readable storage medium 
and executable by processors of one or more computing 
devices , such as a client device or server device . When 
executed by the one or more processors , the computer 
executable instructions of the open intent system 102 can 
cause the computing device ( s ) to perform the methods 
described herein . Alternatively , the components 902-908 can 
include hardware , such as a special - purpose processing 
device to perform a certain function or group of functions . 
Alternatively , the components 902-908 of the open intent 
system 102 can include a combination of computer - execut 
able instructions and hardware . 

[ 0102 ] Furthermore , the components 902-908 of the open 
intent system 102 may , for example , be implemented as one 
or more operating systems , as one or more stand - alone 
applications , as one or more modules of an application , as 
one or more plug - ins , as one or more library functions or 
functions that may be called by other applications , and / or as 
a cloud - computing model . Thus , the components 902-908 
may be implemented as a stand - alone application , such as a 
desktop or mobile application . Furthermore , the components 
902-908 may be implemented as one or more web - based 
applications hosted on a remote server . The components 
902-908 may also be implemented in a suite of mobile 
device applications or " apps . ” To illustrate , the components 
902-908 may be implemented in an application , including 
but not limited to ADOBE ANALYTICS CLOUD , such as 
ADOBE ANALYTICS , ADOBE AUDIENCE MANAGER , 
ADOBE CAMPAIGN , ADOBE EXPERIENCE MAN 
AGER , and ADOBE TARGET and / or ADOBE CREATIVE 
CLOUD , such as ADOBE PHOTOSHOP , ADOBE ACRO 
BAT , ADOBE ILLUSTRATOR , and ADOBE® INDESIGN . 
“ ADOBE ” , “ ANALYTICS CLOUD ” , “ ANALYTICS ” , 
" AUDIENCE MANAGER " , " CAMPAIGN ” , “ EXPERI 
ENCE MANAGER ” , “ TARGET , ” “ CREATIVE CLOUD , ” 
“ PHOTOSHOP , " “ ACROBAT , " ILLUSTRATOR , " and 
“ INDESIGN ” are either registered trademarks or trademarks 
of Adobe Systems Incorporated in the United States and / or 
other countries . 
[ 0103 ] As mentioned above , and as shown in FIG . 9 , the 
open intent system 102 includes a communication manager 
902. In one or more embodiments , the communication 
manager 902 handles communications between the open 
intent system 102 and other computing devices . For 
example , the communication manager 902 can send and 
receive information to and from the client computing device 
112. To illustrate , the communication manager 902 can 
receive a text input from the client computing device 112 
and can send a determined digital response back to the client 
computing device 112 based on one or more open intents 
extracted from the text input . Additionally or alternatively , 
the communication manager 902 can send and receive 
information to and from other systems such as other natural 
language processing systems , analysis systems , database 
querying systems , and so forth . 
[ 0104 ] As mentioned above , and as shown in FIG . 9 , the 
open intent system 102 also includes an intent existence 
manager 904. In one or more embodiments , the intent 
existence manager 904 trains and utilizes an intent existence 
LSTM neural network ( e.g. , the intent existence LSTM 
neural network 402 ) . As discussed above with reference to 
FIG . 6 , the intent existence manager 904 trains the intent 
existence LSTM neural network with intent existence train 
ing data that is not specific to any particular category of 
intents . Further , as discussed above with reference to FIG . 8 , 
the intent existence manager 904 applies the intent existence 
LSTM neural network to a user - provided text input to 
generate an intent existence prediction specifying a likeli 
hood that the text input includes at least one intent . 
[ 0105 ] Additionally , as mentioned above , and as shown in 
FIG . 9 , the open intent system 102 includes an intent 
extraction manager 906. In one or more embodiments , the 
intent extraction manager 906 trains and utilizes an intent 
extraction LSTM neural network ( e.g. , the intent extraction 
LSTM neural network 502 ) . As discussed above with ref 
erence to FIG . 7 , the intent extraction manager 906 trains the 

open intent 
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intent extraction LSTM neural network utilizing an unsu 
pervised domain adaptation strategy that does not require 
labeled training data in a specific target domain . Specifically , 
the intent extraction manager 906 trains the intent extraction 
LSTM neural network with dependency parser training data , 
and then fine - tunes the training of the intent extraction 
LSTM neural network with user - labeled training data . Fur 
ther , as discussed above with reference to FIG . 8 , the intent 
extraction manager 906 applies the intent extraction LSTM 
neural network to a user - provided text input to extract one 
or more intents as verb object pairs from the text input . 
[ 0106 ] Furthermore , as mentioned above , and as shown in 
FIG . 9 , the open intent system 102 includes a digital 
response manager 908. In one or more embodiments , the 
digital response manager 908 determines a digital response 
to a text input based on the one or more intents extracted via 
the intent extraction manager 906. For example , the digital 
response manager 908 can perform actions including que 
rying a customer support database ( e.g. , the database 108 ) 
based on the verb object pair , generating a digital response 
to the text input based on the query results , and providing the 
generated digital response to the client computing device 
112. Specifically , responses determined by the digital 
response manager 908 can include , but are not limited to : 
generating a text response ( e.g. , a text message response to 
a query ) , executing a requested function ( e.g. , modifying a 
digital image ) , detecting common issues reported to cus 
tomer support or public forums ; highlighting calls to action 
in emails , documents , or recorded meetings and conversa 
tions ; improving summarization ; routing text inputs to spe 
cialized services or bots ; assigning customer support 
requests to experts ; and recommending help and other 
content to users . 

[ 0107 ] FIGS . 1-9 , the corresponding text , and the 
examples provide a number of different methods , systems , 
devices , and non - transitory computer - readable media of the 
open intent system 102. In addition to the foregoing , one or 
more embodiments can also be described in terms of flow 
charts comprising acts for accomplishing a particular result , 
as shown in FIGS . 10 and 11. FIGS . 10 and 11 may be 
performed with more or fewer acts . Further , the acts may be 
performed in differing orders . Additionally , the acts 
described herein may be repeated or performed in parallel 
with one another or parallel with different instances of the 
same or similar acts . 

[ 0108 ] As mentioned , FIG . 10 illustrates a flowchart of a 
series of acts 1000 for applying one or more LSTM neural 
networks to a text input in accordance with one or more 
embodiments . While FIG . 10 illustrates acts according to 
one embodiment , alternative embodiments may omit , add to , 
reorder , and / or modify any of the acts shown in FIG . 10. The 
acts of FIG . 10 can be performed as part of a method . 
Alternatively , a non - transitory computer - readable medium 
can comprise instructions that , when executed by one or 
more processors , cause a computing device to perform the 
acts of FIG . 10. In some embodiments , a system can perform 
the acts of FIG . 10 . 

[ 0109 ] As shown in FIG . 10 , the series of acts 1000 
includes an act 1010 of identifying a text input . For example , 
the act 1010 can involve identifying a text input via a client 
computing device . In one or more embodiments , identifying 
the text input can involve identifying the text input from an 

electronic communication from the client computing device , 
or transcribing the text input from an audio input from the 
client computing device . 
[ 0110 ] Additionally , the series of acts 1000 includes an act 
1020 of determining that an intent exists in the text input by 
applying an intent existence long short - term memory neural 
network to the text input . For example , the act 1020 can 
involve determine that an intent exists in the text input by : 
applying an intent existence long short - term memory neural 
network to the text input , wherein the intent existence long 
short - term memory neural network is trained to determine 
existence of training intents from intent existence training 
text and corresponding intent existence training markers . In 
one or more embodiments , the intent is an open intent and 
the intent existence training text and corresponding intent 
existence training markers correspond to one or more open 
training intents . 
[ 0111 ] In one or more embodiments , applying the intent 
existence long short - term memory neural network to the text 
input includes : embedding the text input into one or more 
neural network input vectors ; and generating an intent 
existence prediction by analyzing the one or more neural 
network input vectors via a plurality of long short - term 
memory units of the intent existence long short - term 
memory neural network . In at least one embodiment , gen 
erating the intent prediction further includes applying a max 
pooling layer to outputs of the plurality of long short - term 
memory units ; and the plurality of long short - term memory 
units are organized bi - directionally in two layers . 
[ 0112 ] Additionally , as shown in FIG . 10 , the series of acts 
1000 includes an act 1030 of determining the intent in the 
text input by extracting a verb object pair from the text input . 
For example , the act 1030 can involve , in response to 
determining that the intent exists in the text input , deter 
mining the intent by extracting a verb object pair from the 
text input . In one or more embodiments , extracting the verb 
object pair from the text input includes : applying an intent 
extraction long short - term memory neural network to the 
text input , wherein the intent extraction long short - term 
memory neural network is trained to extract training intents 
from intent extraction training text and corresponding intent 
extraction training markers . In at least one embodiment , 
applying the intent extraction long short - term memory neu 
ral network to the text input includes : embedding the text 
input into at least one neural network input vector ; and 
generating at least one intent by analyzing the at least one 
neural network input vector via a plurality of long short - term 
memory units of the intent extraction long short - term 
memory neural network . 
[ 0113 ] Furthermore , applying the intent extraction long 
short - term memory neural network to the text input can 
further include applying a conditional random field layer to 
output of the plurality of long short - term memory units of 
the intent extraction long short - term memory neural network 
to identify the verb object pair . In at least one embodiment , 
the series of acts 1000 also includes , in response to extract 
ing a verb object pair from the text input : querying a 
customer support database based on the verb object pair ; 
generating a digital response to the text input based on the 
query results ; and providing the generated digital response 
to the client computing device . 
[ 0114 ] In addition ( or in the alternative ) to the acts 
described above , in some embodiments , the acts 1000 
include a step for training an intent existence long short - term 
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memory neural network and an intent extraction long short 
term memory neural network . In particular , the algorithm 
and acts described above in relation to FIGS . 6 and 7 can 
comprise the corresponding acts for training an intent exis 
tence long short - term memory neural network and an intent 
extraction long short - term memory neural network . 
[ 0115 ] FIG . 11 illustrates a flowchart of a series of acts 
1100 for training one or more LSTM neural networks to 
identify and extract open intents from text input in accor 
dance with one or more embodiments . While FIG . 11 
illustrates acts according to one embodiment , alternative 
embodiments may omit , add to , reorder , and / or modify any 
of the acts shown in FIG . 11. The acts of FIG . 11 can be 
performed as part of a method . Alternatively , a non - transi 
tory computer - readable medium can comprise instructions 
that , when executed by one or more processors , cause a 
computing device to perform the acts of FIG . 11. In some 
embodiments , a system can perform the acts of FIG . 11 . 
[ 0116 ] As shown in FIG . 11 , the series of acts 1100 
includes an act 1110 of training an intent existence long 
short - term memory neural network . For example , the act 
1110 can involve training an intent existence long short - term 
memory neural network by performing the acts 1120 and 
1130 . 
[ 0117 ] Thus , it follows that the series of acts 1100 includes 
the act 1120 of applying the intent existence long short - term 
memory neural network to intent existence training text to 
generate an intent existence prediction . For example , the act 
1120 can involve applying the intent existence long short 
term memory neural network to intent existence training text 
to generate a prediction of whether the intent existence 
training text comprises at least one training intent . In one or 
more embodiments , applying the intent existence long short 
term memory neural network to intent existence training text 
to generate a prediction of whether the intent existence 
training text includes at least one training intent includes 
applying the intent existence long short - term memory neural 
network to : a plurality of positive text inputs comprising at 
least one training intent , and a plurality of negative text 
inputs comprising no training intent . 
[ 0118 ] As further shown in FIG . 11 , the series of acts 1100 
includes the act 1130 of comparing the prediction with an 
intent existence training marker to modify parameters of the 
intent existence long short - term memory neural network . 
For example , the act 1130 can involve comparing the 
prediction of whether the intent existence training text 
comprises the at least one training intent with an intent 
existence training marker to modify parameters of the intent 
existence long short - term memory neural network . 
[ 0119 ] Additionally , the series of acts 1100 includes an act 
1140 of training an intent extraction long short - term memory 
neural network . For example , the act 1140 can involve 
training the intent extraction long short - term memory neural 
network by performing the acts 1150 and 1160 . 
[ 0120 ] As such , the series of acts 1100 includes the act 
1150 of applying the intent extraction long short - term 
memory neural network to intent extraction training text to 
generate an intent . For example , the act 1150 can involve 
applying the intent extraction long short - term memory neu 
ral network to intent extraction training text comprising a 
training intent to generate an intent comprising a verb and an 
object . In one or more embodiments , applying the intent 
extraction long short - term memory neural network to intent 
extraction training text includes applying the intent extrac 

tion long short - term memory neural network to ( unsuper 
vised ) dependency parser training data . For instance , the 
dependency parser training data can include training sen 
tences labeled for verbs and objects . Additionally , applying 
the intent extraction long short - term memory neural network 
to intent extraction training text can further include applying 
the intent extraction long short - term memory neural network 
to user - labeled training data . 
[ 0121 ] In one or more embodiments , the intent existence 
training text and the intent extraction training text are not 
classified to a category of intents ( e.g. , an intent category ) . 
Furthermore , in one or more embodiments , the intent exis 
tence long short - term memory neural network includes a 
plurality of long short - term memory units organized bi 
directionally in two layers and a soft max pooling layer , and 
the intent extraction long short - term memory neural network 
includes a plurality of long short - term memory units orga 
nized bi - directionally in a single layer and a conditional 
random field layer . 
[ 0122 ] In addition ( or in the alternative ) to the acts 
described above , in some embodiments , the acts 1100 
include a step for determining , via the intent existence long 
short - term memory neural network , that an intent exists in 
the text input and / or a step for determining , via the intent 
extraction long short - term memory neural network , the 
intent from the text input . In particular , the algorithm and 
acts described above in relation to FIGS . 4 and 8 ( e.g. , the 
act 804 ) can comprise the corresponding acts ( or structure ) 
for determining , via the intent existence long short - term 
memory neural network , that an intent exists in the text 
input . Moreover , the algorithms and acts described above in 
relation to FIGS . 5 and 8 can comprise the corresponding 
acts ( or structure ) for determining , via the intent extraction 
long short - term memory neural network , the intent from the 
text input . 
[ 0123 ] Embodiments of the present disclosure may com 
prise or utilize a special purpose or general - purpose com 
puter including computer hardware , such as , for example , 
one or more processors and system memory , as discussed in 
greater detail below . Embodiments within the scope of the 
present disclosure also include physical and other computer 
readable media for carrying or storing computer - executable 
instructions and / or data structures . In particular , one or more 
of the processes described herein may be implemented at 
least in part as instructions embodied in a non - transitory 
computer - readable medium and executable by one or more 
computing devices ( e.g. , any of the media content access 
devices described herein ) . In general , a processor ( e.g. , a 
microprocessor ) receives instructions , from a non - transitory 
computer - readable medium , ( e.g. , memory ) , and executes 
those instructions , thereby performing one or more pro 
cesses , including one or more of the processes described 
herein . 
[ 0124 ] Computer - readable media can be any available 
media that can be accessed by a general purpose or special 
purpose computer system . Computer - readable media that 
store computer - executable instructions are non - transitory 
computer - readable storage media ( devices ) . Computer - read 
able media that carry computer - executable instructions are 
transmission media . Thus , by way of example , and not 
limitation , embodiments of the disclosure can comprise at 
least two distinctly different kinds of computer - readable 
media : non - transitory computer - readable storage media ( de 
vices ) and transmission media . 
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( 0125 ] Non - transitory computer - readable storage media 
( devices ) includes RAM , ROM , EEPROM , CD - ROM , solid 
state drives ( “ SSDs ” ) ( e.g. , based on RAM ) , Flash memory , 
phase - change memory ( “ PCM ” ) , other types of memory , 
other optical disk storage , magnetic disk storage or other 
magnetic storage devices , or any other medium which can be 
used to store desired program code means in the form of 
computer - executable instructions or data structures and 
which can be accessed by a general purpose or special 
purpose computer . 
[ 0126 ] A “ network ” is defined as one or more data links 
that enable the transport of electronic data between com 
puter systems and / or modules and / or other electronic 
devices . When information is transferred or provided over a 
network or another communications connection ( either 
hardwired , wireless , or a combination of hardwired or 
wireless ) to a computer , the computer properly views the 
connection as a transmission medium . Transmissions media 
can include a network and / or data links which can be used 
to carry desired program code means in the form of com 
puter - executable instructions or data structures and which 
can be accessed by a general purpose or special purpose 
computer . Combinations of the above should also be 
included within the scope of computer - readable media . 
[ 0127 ] Further , upon reaching various computer system 
components , program code means in the form of computer 
executable instructions or data structures can be transferred 
automatically from transmission media to non - transitory 
computer - readable storage media ( devices ) ( or vice versa ) . 
For example , computer - executable instructions or data 
structures received over a network or data link can be 
buffered in RAM within a network interface module ( e.g. , a 
“ NIC ” ) , and then eventually transferred to computer system 
RAM and / or to less volatile computer storage media ( de 
vices ) at a computer system . Thus , it should be understood 
that non - transitory computer - readable storage media ( de 
vices ) can be included in computer system components that 
also ( or even primarily ) utilize transmission media . 
[ 0128 ] Computer - executable instructions comprise , for 
example , instructions and data which , when executed 
processor , cause a general - purpose computer , special pur 
pose computer , or special purpose processing device to 
perform a certain function or group of functions . In some 
embodiments , computer - executable instructions 
executed by a general - purpose computer to turn the general 
purpose computer into a special purpose computer imple 
menting elements of the disclosure . The computer - execut 
able instructions may be , for example , binaries , intermediate 
format instructions such as assembly language , or even 
source code . Although the subject matter has been described 
in language specific to structural features and / or method 
ological acts , it is to be understood that the subject matter 
defined in the appended claims is not necessarily limited to 
the described features or acts described above . Rather , the 
described features and acts are disclosed as example forms 
of implementing the claims . 
[ 0129 ] Those skilled in the art will appreciate that the 
disclosure may be practiced in network computing environ 
ments with many types of computer system configurations , 
including , personal computers , desktop computers , laptop 
computers , message processors , hand - held devices , multi 
processor systems , microprocessor - based or programmable 
consumer electronics , network PCs , minicomputers , main 
frame computers , mobile telephones , PDAs , tablets , pagers , 

routers , switches , and the like . The disclosure may also be 
practiced in distributed system environments where local 
and remote computer systems , which are linked ( either by 
hardwired data links , wireless data links , or by a combina 
tion of hardwired and wireless data links ) through a network , 
both perform tasks . In a distributed system environment , 
program modules may be located in both local and remote 
memory storage devices . 
[ 0130 ] Embodiments of the present disclosure can also be 
implemented in cloud computing environments . As used 
herein , the term “ cloud computing ” refers to a model for 
enabling on - demand network access to a shared pool of 
configurable computing resources . For example , cloud com 
puting can be employed in the marketplace to offer ubiqui 
tous and convenient on - demand access to the shared pool of 
configurable computing resources . The shared pool of con 
figurable computing resources can be rapidly provisioned 
via virtualization and released with low management effort 
or service provider interaction , and then scaled accordingly . 
[ 0131 ] A cloud - computing model can be composed of 
various characteristics such as , for example , on - demand 
self - service , broad network access , resource pooling , rapid 
elasticity , measured service , and so forth . A cloud - comput 
ing model can also expose various service models , such as , 
for example , Software as a Service ( “ SaaS ” ) , Platform as a 
Service ( “ PaaS ” ) , and Infrastructure as a Service ( “ IaaS ” ) . A 
cloud - computing model can also be deployed using different 
deployment models such as private cloud , community cloud , 
public cloud , hybrid cloud , and so forth . In addition , as used 
herein , the term “ cloud - computing environment ” refers to an 
environment in which cloud computing is employed . 
[ 0132 ] FIG . 12 illustrates a block diagram of an example 
computing device 1200 that may be configured to perform 
one or more of the processes described above . One will 
appreciate that one or more computing devices , such as the 
computing device 1200 may represent the computing 
devices described above ( e.g. , the server device 104 , and the 
client computing devices 112 ) . In one or more embodiments , 
the computing device 1200 may be a mobile device ( e.g. , a 
mobile telephone , a smartphone , a PDA , a tablet , a laptop , 
a camera , a tracker , a watch , a wearable device , etc. ) . In 
some embodiments , the computing device 1200 may be a 
non - mobile device ( e.g. , a desktop computer or another type 
of client device ) . Further , the computing device 1200 may be 
a server device that includes cloud - based processing and 
storage capabilities . 
[ 0133 ] As shown in FIG . 12 , the computing device 1200 
can include one or more processor ( s ) 1202 , memory 1204 , 
a storage device 1206 , input / output interfaces 1208 ( or “ I / O 
interfaces 1208 " ) , and a con inication interface 1210 , 
which may be communicatively coupled by way of a com 
munication infrastructure ( e.g. , bus 1212 ) . While the com 
puting device 1200 is shown in FIG . 12 , the components 
illustrated in FIG . 12 are not intended to be limiting . 
Additional or alternative components may be used in other 
embodiments . Furthermore , in certain embodiments , the 
computing device 1200 includes fewer components than 
those shown in FIG . 12. Components of the computing 
device 1200 shown in FIG . 12 will now be described in 
additional detail . 
[ 0134 ] In particular embodiments , the processor ( s ) 1202 
includes hardware for executing instructions , such as those 
making up a computer program . As an example , and not by 
way of limitation , to execute instructions , the processor ( s ) 

a 

are 
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1202 may retrieve ( or fetch ) the instructions from an internal 
register , an internal cache , memory 1204 , or a storage device 
1206 and decode and execute them . 
[ 0135 ] The computing device 1200 includes memory 
1204 , which is coupled to the processor ( s ) 1202. The 
memory 1204 may be used for storing data , metadata , and 
programs for execution by the processor ( s ) . The memory 
1204 may include one or more of volatile and non - volatile 
memories , such as Random - Access Memory ( “ RAM ” ) , 
Read - Only Memory ( " ROM " ) , a solid - state disk ( SSD " ) , 
Flash , Phase Change Memory ( “ PCM ” ) , or other types of 
data storage . The memory 1204 may be internal or distrib 
uted memory . 
[ 0136 ] The computing device 1200 includes a storage 
device 1206 includes storage for storing data or instructions . 
As an example , and not by way of limitation , the storage 
device 1206 can include a non - transitory storage medium 
described above . The storage device 1206 may include a 
hard disk drive ( HDD ) , flash memory , a Universal Serial Bus 
( USB ) drive or a combination these or other storage devices . 
[ 0137 ] As shown , the computing device 1200 includes one 
or more I / O interfaces 1208 , which are provided to allow a 
user to provide input to ( such as user strokes ) , receive output 
from , and otherwise transfer data to and from the computing 
device 1200. These I / O interfaces 1208 may include a 
mouse , keypad or a keyboard , a touch screen , camera , 
optical scanner , network interface , modem , other known I / O 
devices or a combination of such I / O interfaces 1208. The 
touch screen may be activated with a stylus or a finger . 
[ 0138 ] The I / O interfaces 1208 may include one or more 
devices for presenting output to a user , including , but not 
limited to , a graphics engine , a display ( e.g. , a display 
screen ) , one or more output drivers ( e.g. , display drivers ) , 
one or more audio speakers , and one or more audio drivers . 
In certain embodiments , I / O interfaces 1208 are configured 
to provide graphical data to a display for presentation to a 
user . The graphical data may be representative of one or 
more graphical user interfaces and / or any other graphical 
content as may serve a particular implementation . 
[ 0139 ] The computing device 1200 can further include a 
communication interface 1210. The communication inter 
face 1210 can include hardware , software , or both . The 
communication interface 1210 provides one or more inter 
faces for communication ( such as , for example , packet 
based communication ) between the computing device and 
one or more other computing devices or one or more 
networks . As an example , and not by way of limitation , 
communication interface 1210 may include a network inter 
face controller ( NIC ) or network adapter for communicating 
with an Ethernet or other wire - based network or a wireless 
NIC ( WNIC ) or wireless adapter for communicating with a 
wireless network , such as a WI - FI . The computing device 
1200 can further include a bus 1212. The bus 1212 can 
include hardware , software , or both that connects compo 
nents of computing device 1200 to each other . 
[ 0140 ] In the foregoing specification , the invention has 
been described with reference to specific example embodi 
ments thereof . Various embodiments and aspects of the 
invention ( s ) are described with reference to details discussed 
herein , and the accompanying drawings illustrate the various 
embodiments . The description above and drawings are illus 
trative of the invention and are not to be construed as 
limiting the invention . Numerous specific details are 

described to provide a thorough understanding of various 
embodiments of the present invention . 
[ 0141 ] The present invention may be embodied in other 
specific forms without departing from its spirit or essential 
characteristics . The described embodiments are to be con 
sidered in all respects only as illustrative and not restrictive . 
For example , the methods described herein may be per 
formed with less or more steps / acts or the steps / acts may be 
performed in differing orders . Additionally , the steps / acts 
described herein may be repeated or performed in parallel to 
one another or in parallel to different instances of the same 
or similar steps / acts . The scope of the invention is , therefore , 
indicated by the appended claims rather than by the fore 
going description . All changes that come within the meaning 
and range of equivalency of the claims are to be embraced 
within their scope . 
We claim : 
1. A computer - implemented method of utilizing recurrent 

neural networks to determine open intent from conversa 
tional text comprising : 

a step for training an intent existence long short - term 
memory neural network and an intent extraction long 
short - term memory neural network ; 

receiving , from a client computing device , a text input ; 
a step for determining , via the intent existence long 

short - term memory neural network , that an intent exists 
in the text input ; and 

a step for determining , via the intent extraction long 
short - term memory neural network , the intent from the 
text input . 

2. The method as recited in claim 1 , wherein the intent is 
an open intent that is unclassified relative to intent catego 
ries . 

3. The method as recited in claim 1 , further comprising : 
identifying intent existence training data comprising an 

intent existence training text and a plurality of intent 
existence training markers corresponding to the intent 
existence training text ; and 

identifying intent extraction training data comprising an 
intent extraction training text and a plurality of intent 
extraction training markers corresponding to the intent 
extraction training text . 

4. The method as recited in claim 3 , wherein the intent 
existence training text comprises one or more positive text 
inputs comprising at least one intent and one or more 
negative text inputs comprising no intent . 

5. The method as recited in claim 4 , wherein each of the 
plurality of intent extraction training markers comprises a 
training verb and a training object . 

6. A non - transitory computer - readable storage medium 
storing instructions thereon that , when executed by at least 
one processor , cause a system to : 

identify a text input via a client computing device ; 
determine that an intent exists in the text input by : 

applying an intent existence long short - term memory 
neural network to the text input , 

wherein the intent existence long short - term memory 
neural network is trained to determine existence of 
training intents from intent existence training text 
and corresponding intent existence training markers ; 
and 

in response to determining that the intent exists in the text 
input , determining the intent by extracting a verb object 
pair from the text input . 
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generating a digital response to the text input based on the 
query results ; and 

providing the generated digital response to the client 
computing device . 

7. The non - transitory computer - readable storage medium 
as recited in claim 6 , wherein applying the intent existence 
long short - term memory neural network to the text input 
comprises : 

embedding the text input into one or more neural network 
input vectors ; and 

generating an intent existence prediction by analyzing the 
one or more neural network input vectors via a plurality 
of long short - term memory units of the intent existence 
long short - term memory neural network . 

8. The non - transitory computer - readable storage medium 
as recited in claim 7 , wherein : 

generating the intent prediction further comprises apply 
ing a max pooling layer to outputs of the plurality of 
long short - term memory units ; and 

the plurality of long short - term memory units are orga 
nized bi - directionally in two layers . 

9. The non - transitory computer - readable storage medium 
as recited in claim 6 , wherein the intent is an open intent and 
the intent existence training text and corresponding intent 
existence training markers correspond to one or more open 
training intents . 

10. The non - transitory computer - readable storage 
medium as recited in claim 6 , further comprising instruc 
tions that , when executed by the at least one processor , cause 
the system to extract the verb object pair from the text input 
by : 

applying an intent extraction long short - term memory 
neural network to the text input , 

wherein the intent extraction long short - term memory 
neural network is trained to extract intent tags from 
intent extraction training text and corresponding intent 
extraction training markers . 

11. The non - transitory computer - readable storage 
medium as recited in claim 10 , wherein applying the intent 
extraction long short - term memory neural network to the 
text input comprises : 

embedding the text input into at least one neural network 
input vector ; and 

generating at least one vector vector representation by 
analyzing the at least one neural network input vector 
via a plurality of long short - term memory units of the 
intent extraction long short - term memory neural net 
work . 

12. The non - transitory computer - readable storage 
medium as recited in claim 11 , wherein applying the intent 
extraction long short - term memory neural network to the 
text input further comprises : 

applying a conditional random field layer to the at least 
one vector representation from the plurality of long 
short - term memory units of the intent extraction long 
short - term memory neural network to identify at least 
one intent tag ; and 

determining the verb object pair based on the at least one 

14. A system comprising : 
at least one processor ; and 
at least one non - transitory computer - readable medium 

storing instructions that , when executed by the at least 
one processor , cause the system to : 
train an intent existence long short - term memory neural 
network to determine whether text comprises an 
intent by : 
applying the intent existence long short - term 
memory neural network to intent existence train 
ing text to generate a prediction of whether the 
intent existence training text comprises at least 
one training intent ; 

comparing the prediction of whether the intent exis 
tence training text comprises the at least one 
training intent with an intent existence training 
marker to modify parameters of the intent exis 
tence long short - term memory neural network ; 

train an intent extraction long short - term memory neu 
ral network to extract one or more intents from text 
input by : 
applying the intent extraction long short - term 
memory neural network to intent extraction train 
ing text comprising a training intent to generate an 
intent comprising a verb and an object ; and 

comparing the intent comprising the verb and the 
object with an intent extraction training marker 
comprising a training verb and training object to 
modify parameters of the intent extraction long 
short - term memory neural network . 

15. The system as recited in claim 14 , wherein applying 
the intent existence long short - term memory neural network 
to intent existence training text to generate a prediction of 
whether the intent existence training text comprises at least 
one training intent comprises applying the intent existence 
long short - term memory neural network to : a plurality of 
positive text inputs comprising at least one training intent , 
and a plurality of negative text inputs comprising no training 
intent . 

16. The system as recited in claim 15 , wherein applying 
the intent extraction long short - term memory neural network 
to intent extraction training text comprises applying the 
intent extraction long short - term memory neural network to 
dependency parser training data . 

17. The system as recited in claim 16 , wherein the 
dependency parser training data comprises training sen 
tences labeled for verbs and objects via a dependency 
parsing model from unlabeled sentences . 

18. The system as recited in claim 17 , wherein applying 
the intent extraction long short - term memory neural network 
to intent extraction training text further comprises applying 
the intent extraction long short - term memory neural network 
to user - labeled training data . 

intent tag . 
13. The non - transitory computer - readable storage 

medium as recited in claim 6 , further comprising , in 
response to extracting a verb object pair from the text input : 

querying a customer support database based on the verb 
object pair ; 
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19. The system as recited in claim 18 , wherein the intent 
existence training text and the intent extraction training text 
are not classified to an intent category . 

20. The system as recited in claim 19 , wherein : 
the intent existence long short - term memory neural net 
work comprises a plurality of long short - term memory 
units organized bi - directionally in two layers and a soft 
max pooling layer ; and 

the intent extraction long short - term memory neural net 
work comprises a plurality of long short - term memory 
units organized bi - directionally in a single layer and a 
conditional random field layer . 


